Introduction
The size of a lesion is one of the most important features for medical decision-making. The lesion size is usually measured by a clinician, and existing practice relies on size representation using the single longest dimension. There are, however, established variations among clinicians in manual measurement of lesion size, and a recent study implies volume measurement to be more clinically informative than the linear representation (Pickhardt et al., 2005) . Volume metrics captures the real growth, and changes in size are amplified compared to those in one dimension. As a further hurdle, modern medical imaging systems produce images on which a polyp appears in a series of 2D slices --measuring a lesion volume by drawing contours on many medical images is labor-intensive, poorly reproducible, and subjective. An automated volume measurement scheme has the potential to improve efficiency, consistency, and objectivity, avoiding problems of fatigue, variations in hand-eye coordination and subjective decision-making. Colon cancer is the second leading cause of cancer deaths in the United States (Jemal et al., 2008) . In the screening for this disease, lesion size plays an especially important role in determining malignant potential and the need for intervention. In particular, tracking a change in polyp size is an important marker for the clinician. Computed tomography colonography (CTC) is a diagnostic examination that radiologists use for detecting colonic polyps (precursor of colon cancer) (Macari & Bini, 2005) . Significantly, the measured size of a polyp at CTC directs clinical treatment, by determining whether results of screening require intervention (Pickhardt et al, 2003) . For instance, the current clinical standard is to weigh polyps ≥ 10 mm more highly. However, current measurement of the single longest dimension of a polyp is subjective and has variations among radiologists. As evidence of the variability of manual linear measurement of polyps at CTC, studies reported interobserver and intraobserver variations between 16 to 40% (Yeshwant et al., 2006; Taylor et al., 2006; Jeong et al., 2008) . As stated earlier, volume measurement could be more clinically informative than longest linear dimension, and this holds true in CTC. However, manual measurement of polyps at CTC suffers from the same inherent problems as lesions in general (labor intensity, poor reproducibility, and subjectivity), and similarly would benefit from automation. As a medical sign frequently occurring in the population, a consistent and Pattern Recognition, Recent Advances 406 efficient volume metric for polyps at CTC to inform clinical decisions is especially important. Our purpose in this study was to develop a computerized scheme for segmenting 3D polyps in CTC and evaluate its accuracy and efficiency relative to "gold-standard" volumes determined by manual segmentation.
CT Colonography Database
Our CTC database (Table 1) was obtained from a multi-center clinical trial (DC Rockey, et al., The Lancet 2005) . Our database consisted of 34 polyp views (17 polyps) in CTC scans from 15 patients. Each patient was scanned in both supine and prone positions with collimations of 1.0-2.5 mm. The image matrix size is 512 x 512 pixels with pixel sizes of 0.5 -0.7 mm/pixel. Polyp locations were confirmed with reference to optical colonoscopy reports. Polyps were selected by a radiologist with the inclusion criteria of no fuzzy border and being visible in both supine and supine. The mean polyp size at optical colonoscopy was 10 mm, with 10 polyps in a 6-9 mm range, and 7 polyps in a 10-18 mm range. Mean 10 mm, 6 -9 mm (n = 10), 10 -18 mm (n = 7)
Establishment of the "Gold Standard"
Here is our protocol for establishing the "gold standard". A radiologist manually outlined the polyp in each 2D axial slice. High quality magnification enabled drawing precise contours. Volumes were calculated by summation of the enclosed areas. Three measurements were made, each at least one week apart, to reduce a memory effect bias. The average of the three trials was used as the "gold standard". Furthermore, the prone and supine volumes were averaged for the purposes of results analysis. An example of a manually outlined polyp is shown in Fig. 1 .
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Automated Segmentation
A high-level flow chart of our automated polyp segmentation scheme is shown in Fig. 2 . The scheme takes as input the CTC image data. The steps are: segmentation of the colon; extraction of a highly polyp-like seed region based on the Hessian matrix; segmentation of polyps by use of a 3D volume-growing technique; and sub-voxel refinement to reduce a bias of segmentation. A more detailed map of our segmentation scheme, showing sub-step intermediates, is given in Fig. 3 . The reader is encouraged to refer to both the high-level flow chart and the detailed map while following the description of the scheme.
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Hessian Matrix-Based Shape Extraction and Volume Growing for 3D Polyp Segmentation in CT Colonography 409 The original 3D CT data are anisotropic such that an image voxel (i.e., a 3D pixel) is longer in the z direction than it is in the x and y directions. We account for this by generating isotropic 3D data (Fig. 3a) . The isotropic volumes are generated by resampling the original 3D CT data through linear interpolation. To confine our initial stages of polyp segmentation to the appropriate anatomical region, i.e., the colon, we next segment the colon wall with uniform thickness by using anatomical knowledge-based segmentation (Masutani et al., 2001; Yoshida et al., 2001) (Fig. 3c) . The next step of the scheme leverages the characteristic rounded shape of a bulbous polyp (Fig. 4 through Fig. 6 ). To reduce the effect of image noise, we apply a Gaussian smoothing filter (Fig. 3b) . Our detection scheme relies on shape features; as an intermediate step, we apply a Hessian matrix operator which quantifies the local curvature in the 3D image (Dorai & Jain, 1997) . The principal curvatures at a point describe the maximum and minimum rates that the local surface deviates from a plane. Two feature images can be derived from the principal curvatures, that together provide a measurement of the local shape and the "degree of the shape" at a point. These are known as shape index (Fig. 3f) and curvedness ( Fig. 3e) . Shape index and curvedness are defined as  represent the maximum and minimum curvatures, respectively. In this step, two feature images are created, whose quantities represent shape index and curvedness. The two Hessian matrix-based feature images are used together to extract a cap-shape structure that is typical of a bulbous polyp. To achieve this, first we run two range threshold operations on each feature images. The first range threshold is narrower than the second. The narrow range threshold operation results in a set or sets of very highly polyp-like voxels. The two narrow range threshold images are combined by a Boolean logical multiplication; the two wide range threshold images are similarly combined (Fig. 3g) . We then perform a connectivity analysis based on a connected-component labeling algorithm, e.g., (Suzuki, Horiba et al., 2003; He, Chao, Suzuki et al., 2008) to allow the narrow range threshold region to grow to include any connected wider range threshold voxels. The result is a set of highly polyp-like regions localized on the cap-shape parts of polyps (Fig. 3h) . A seed point may be manually provided by the user to select a single region of interest. Another way to envision the feature thresholding process is to think of the more relaxed range threshold operation as running first, and then eliminating regions which do not contain any voxels with values in the stricter range. The polyp segmentation is still incomplete at this stage because the current region only includes the cap-shape region voxels that have the shape index and curvedness values within the designated range, such as the peripheral region of the polyp. For the next stage, we developed a segmentation technique based on region growing (Shapiro and Stockman 2001) to segment the remaining, non-cap-shape region. This stage of our segmentation algorithm is called 3D volume growing based on rate of lumen-prohibited expansion. First we employ an air threshold of the original CT image to distinguish the lumen from nonlumen (Fig. 3d) . Second we load our seed region of highly polyp-like voxels obtained from the previous process (Fig. 3h) . Third, we iteratively expand within the non-lumen for a predetermined 'k' number of iterations, while tracking the volume (Fig. 3j) . Finally we find the region in which the volume expansion rate was the minimum (Fig. 3k) . Expressed in set notation, the minimum volume expansion point occurs at the x th iterative expansion when {W x } < {W i } for i = 1, 2, ... k, where W is the set of expanded pixels. The volume expansion rate minimum is chosen because this is the state where the polyp has been more completely segmented and it occurs before over-segmentation dominates. Up to the volume expansion rate minimum, the surface expansion iterations are including nearby non-cap-shape voxels of the polyp. After the volume expansion rate minimum is reached, an ever-increasing volume expansion rate is observed while non-polyp voxels are added to the growing region. Therefore, the volume expansion rate minimum conveniently marks the transition in mode from inclusion of mainly polyp voxels to mainly non-polyp voxels. This point is best suited for capturing a region to proceed to the next stage of segmentation. After collecting the gold standard and automated volumes, we determine that the automated volumes are on average smaller than the gold volumes. To reduce this bias of segmentation, we uniformly apply a 3D sub-voxel refinement technique (Fig. 3l and Fig. 7) . The binary image shown represents a computer-segmented polyp. The grid lines indicate the original voxel size. First we resample the image to a higher resolution; a resampling factor of X, therefore, means that one original voxel is converted to X 3 voxels in the resampled image. Next we dilate the image by a specified radius, using a spherical kernel. The radius chosen was determined by the magnitude of the segmentation bias. The resulting region represents our computer-segmented polyp. Finally we calculate the volume, accounting for the resampling.
Extraction of a Highly Polyp-Like Seed Region Based on Hessian Matrix

3D Segmentation of Polyps by Use of a 3D Volume-growing Technique (l) Segmented Polyp
Sub-voxel Refinement
Input Output Fig. 7 . Illustration of the sub-voxel refinement.
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Quantitative Analysis
Our measurement scheme yielded a mean polyp volume of 0.36 cc with a range of 0.15 to 1.24 cc, whereas the mean "gold standard" manual volume was 0.38 cc with a range of 0.14 -1.08 cc ( Table 2 ). The mean differences between automated and manual volumes for polyps ranging from 6-9 mm and those 10 mm or larger (by optical colonoscopy) were 23.4% and 17.5% with standard deviations (SD) of 19.2% and 17.6%, respectively (Table 3 ). These differences were comparable to the intra-observer variation of 14.0% with SD of 13.1%. The two volumetrics reached excellent agreement (intra-class correlation coefficient was 0.79) with no statistically significant difference (P = 0.61). 
Case Examples
Computer vs. manual contour comparison for Case 1 is shown in Fig. 8 for both supine and prone views. In this case, the automated volume is very close to the gold standard volume. Computer vs. manual contour comparisons for two additional cases are shown in Fig. 9 and Fig. 10 . The automated segmentation tended to include more of the low-intensity border at the colon-air interface, whereas it included less of the polyp's base than did the manual segmentation. The automated segmentation is fairly accurate for Cases 1 through 3.
www.intechopen.com Our algorithm may leave out parts of a polyp with indefinite borders or subtle morphology. An example of under-segmentation is represented by two slices of Case 4 in Fig. 11 . In this polyp view, the computer under-segmented by missing part of the base and subtle peripheral regions. We compared computer volumes against gold standard volumes and prone volumes against supine volumes and found generally good correlation. In the comparison of automated (computer) volume vs. "gold standard" manual volume, two outliers exist as a result of morphological features of the polyps: over-segmentation and under-segmentation.
In the under-segmentation case, the bulb of a large, pedunculated polyp rested on the colon wall. In the over-segmentation case was an oblong, sessile polyp on a haustral fold. In the comparison of prone vs. supine volumes of computer-segmented polyps, although the correlation is generally good, the two most significant outliers are caused by a change of polyp shape between the two patient positions. These polyps appear more bulbous in one view, and thus the segmentation is more accurate, but they appear subtler in the other view, which results in under-segmentation.
Conclusion
To put it in perspective, the advantages over manual volumetry are that an automated process is efficient, objective, and consistent, with one mouse click versus five minutes of manual drawing. A limitation of automated volumetry is that the process occasionally results in missegmentation. This requires manual modification to fix, but it may retain some efficiency benefit within a semi-automated approach. Polyp volumes obtained by our automated scheme agreed excellently with "gold standard" manual volumes. Our fully automated scheme efficiently can provide accurate polyp volumes for radiologists; thus, it would help radiologists improve the accuracy and efficiency of polyp volume measurements in CTC. Our scheme is potentially applicable to accurately segmenting 3D bulbous objects in 3D volumes. Combining automated volume measurement with computer-aided detection of polyps (Suzuki, Yoshida et al., 2006; Suzuki, Yoshida et al., 2008) would provide radiologists even more efficient and accurate way of detection of polyps in CTC.
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